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Abstract

Stereotype evaluation for large language mod-
els relies on heavily annotated benchmarks, yet
such evaluations are constrained by limited in-
stance availability and are often sensitive to
which examples are included. We propose a
framework for predicting the minimum num-
ber of evaluation instances needed to preserve
benchmark-level stereotype scores under speci-
fied error and confidence criteria. Our method
provides a statistically grounded way to deter-
mine how much a benchmark can be reduced
without materially changing the resulting evalu-
ation outcome. We support the framework with
theoretical analysis and extensive experiments
on three widely used stereotype benchmarks,
CrowS-Pairs, StereoSet, and BBQ. The frame-
work assumes flattened, instance-level scoring
rather than macro-averaging across bias cate-
gories. Under this formulation, the proposed
method provides reliable subsample-size guid-
ance in every dataset, model, and tolerance set-
ting we test, with no undercoverage cases. As
an additional extension, we show that our ap-
proach can also guide compact synthetic stereo-
type evaluation. Overall, our results suggest
that benchmark-level stereotype evaluation can
often be conducted with far fewer instances
than the original datasets require, offering a
practical and principled approach to more effi-
cient bias assessment.

1 Introduction

Stereotype evaluation has become a standard com-
ponent of responsible large language model (LLM)
assessment, yet stereotype benchmarks are expen-
sive to construct, and are inherently constrained by
the number and distribution of available instances.
In practice, this creates two related challenges.
First, benchmark-based stereotype evaluation can
be costly if similar conclusions could be reached
from much smaller subsets. Second, static bench-
marks are difficult to adapt to newly emerging bias

categories or dynamic evaluation settings, where
generating and scoring large numbers of examples
is often impractical.

In this paper, we address these challenges by
asking a simple question: how many evaluation
instances are actually needed to preserve a bench-
mark’s stereotype score within a desired error
range? We propose a theoretical framework for
predicting the minimum subsample size required
to recover the full-dataset stereotype signal under
specified tolerance and confidence criteria. Our
approach is derived from a finite-population hyper-
geometric model, which makes the sample-size de-
cision explicit and statistically interpretable. Rather
than assuming that the full benchmark must always
be used, the framework provides principled guid-
ance on how many instances are needed to obtain
nearly the same evaluation result.

We support this framework through both the-
oretical analysis and empirical validation. On
three widely used stereotype benchmarks, CrowS-
Pairs (Nangia et al., 2020), StereoSet (Nadeem
et al., 2021), and BBQ (Parrish et al., 2022), the
proposed method produces reliable subsample-size
predictions across multiple model families and tol-
erance settings. At the benchmark level, it pre-
serves full-dataset stereotype scores with high em-
pirical fidelity while using substantially fewer in-
stances than the original datasets, as low as 1%
of the original dataset for some cases. We fur-
ther show that the same pattern extends to LLM-
synthesized stereotype evaluation data, indicating
that the approach remains effective across different
data sources.

This combination of accuracy and flexibility also
makes the framework useful for dynamic stereo-
type evaluation. When benchmark-style instances
must be generated for newly surfaced bias cate-
gories, constructing large synthetic datasets can be
expensive and slow. We therefore use subsample-
size prediction as a mechanism for guiding compact
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synthetic benchmark construction. In a proof-of-
concept framework, potentially biased categories
are first surfaced dynamically, after which the re-
quired number of instances is determined by our
method and only that many benchmark-style ex-
amples are generated and scored. This combines
the flexibility of dynamic bias discovery with the
rigor of benchmark-style stereotype measurement,
while avoiding the cost of exhaustive dataset con-
struction.

Our contributions are twofold. First, we intro-
duce a framework for minimum subsample size
prediction in stereotype evaluation and provide the-
oretical and empirical evidence that benchmark-
level stereotype scores can be preserved with much
smaller subsets on standard datasets. Second, we
show that the same mechanism can guide compact
synthetic stereotype evaluation, supporting more
efficient and adaptive bias assessment.

2 Related Work

Bias evaluation in LLMs has been studied primar-
ily through large-scale benchmark datasets such as
StereoSet and CrowS-Pairs, which are expensive
to construct and inherently static, limiting their
ability to capture the broader and evolving bias
behaviors of modern LLMs. Prior work has also
documented conceptual weaknesses in existing bias
benchmarks, including shallow representations of
social groups and inconsistencies in how stereotyp-
ing is operationalized (Blodgett et al., 2021). More
dynamic red-teaming and adversarial prompting
approaches (Perez et al., 2022; Chao et al., 2023;
Zhao et al., 2023) offer greater flexibility, but with-
out the controlled structure of benchmark instances
such as minimal pairs, results are harder to attribute
to specific bias categories and more sensitive to
prompt design.

Our work is most closely related to efforts that
bridge this gap. One line of work studies bench-
mark subsampling, showing that relatively small
subsets can preserve much of the original evalua-
tion signal (Maia Polo et al., 2024; Perlitz et al.,
2024). A second line uses LLMs to support data
creation, including stereotype benchmark genera-
tion (Jha et al., 2023) and synthetic data generation
more broadly (Wang et al., 2023; Honovich et al.,
2023). Our work connects these two directions
by proposing a statistically grounded framework
for predicting how many benchmark instances are
needed to preserve stereotype evaluation outcomes,

and showing how the same mechanism can guide
compact synthetic stereotype evaluation.

3 Minimum Subsample Decision for
Stereotype Evaluation

Prior work on stereotype evaluation typically as-
sumes that reliable measurement requires using
the full annotated benchmark, even though such
benchmarks are costly to construct and often diffi-
cult to integrate into dynamic evaluation settings.
At the same time, naive subsampling can be un-
stable because stereotype scores are sensitive to
the distribution of evaluation instances, especially
when the underlying bias rate is skewed or when
the dataset is not large enough for asymptotic ap-
proximations to be reliable. We therefore propose
a subsample computation procedure that explicitly
models finite-population sampling and directly tar-
gets the probability that a subsample preserves the
full-dataset stereotype score within a predefined
tolerance.

Before stating the procedure, we fix the esti-
mator it applies to. Throughout, the stereotype
score is an instance-level binary mean over a flat-
tened pool of evaluation instances, rather than a
rate computed within each target group and then
macro-averaged across groups, as StereoSet and
common BBQ implementations do. Flattening
does not discard the bias signal: both estimators
target the same underlying quantity, namely the
rate at which a model prefers stereotyped over
anti-stereotyped options, and differ only in whether
instances are weighted equally or reweighted by
group size, so the instance-level mean remains a
faithful benchmark-level measure of stereotyping.
This choice is essential to the theory that follows.
Under uniform sampling without replacement, the
hypergeometric law is exact for a proportion of the
form X /n, but a macro-average is an aggregate
of ratios with random denominators: in a small
subsample, group denominators become small and
uneven, per-group rates grow highly variable and
often extreme, and the variance of the aggregate
far exceeds that of X/n. A subsample-size rule
derived for X /n would therefore be optimistic if
applied to a macro-averaged score. Flattening the
aggregation level aligns the empirical estimator
with the one the theory models, and marks pre-
cisely where additional structure would need to be
modeled: for macro-averaged or otherwise random-
denominator scores. With this convention in place,
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we now derive the decision rule. Let a benchmark
dataset contain /N evaluation instances, of which K
are labeled as biased. The full-dataset stereotype
score is therefore py = %

Suppose we draw a subsample of size n uni-
formly without replacement from this dataset, and
let X denote the number of biased instances con-
tained in the subsample. Since the sampling pro-
cedure is performed without replacement from a
finite population, X follows a hypergeometric dis-
tribution: X ~ Hypergeometric(N, K, n), with
probability mass function

porog E)

The stereotype score computed on the subsample
is then ps = %

We use the hypergeometric formulation rather
than a normal approximation because it exactly
reflects the finite-population setting and remains
reliable even when the full-dataset stereotype score
is near 0 or 1, where asymptotic approximations
may become inaccurate. Although draws without
replacement are not strictly independent, this de-
pendence is accounted for by the hypergeometric
model itself, which is precisely why it is appropri-
ate in our setting.

Our goal is to determine the smallest subsam-
ple size n such that the subsample score remains
sufficiently close to the full-dataset score with prob-
ability at least . Let 6 > 0 denote the allowed ab-
solute deviation. The target event is |[p, — ps| < 4.

Substituting p, = X/n and py = K/N, we

obtain ‘% — %‘ < 6. This is equivalent to

—0< xR,

2=

and after adding % and multiplying through by n,
K —0)<X<n( £ +9).

Because X is integer-valued, the admissible range
must be converted to integer bounds. Define

Lo=[§-0)].  Uam|nlf5+5)).

Then the probability that the subsample score falls
within the target tolerance is exactly

P(lps—pf|<8)=P(Ln <X <Un),

where X ~ Hypergeometric(N, K,n).

The minimum acceptable subsample size is
therefore the smallest n for which this probabil-
ity reaches the target confidence level a:

n*=min{ne{l,....N}: P(L,<X<Up)>a}.

This is precisely the quantity computed by the
proposed algorithm. Hence, under the finite-
population sampling model, the algorithm returns
the minimum subsample size whose stereotype
score agrees with the full-dataset score up to devia-
tion 0 with probability at least c.

In our main experiments, the tolerance is spec-
ified relatively rather than absolutely. Specifi-
cally, for a relative tolerance parameter €, we set
0 = epy. Substituting this into the preceding deriva-
tion gives

Ln:"npf(lfsﬂ, Un:anf(lJrs)J,

and the minimum subsample size becomes
n*=min{ne{l,....,N}: P(L,<X<Up)>a}.

Therefore, the proposed decision rule is theoreti-
cally well founded: it is derived directly from the
exact hypergeometric law governing subsampling
without replacement, and it returns the smallest
subsample size satisfying the desired tolerance and
confidence requirements.

Overall, the proposed methodology addresses
two limitations of prior practice. First, instead of
assuming that the full benchmark must always be
used, it provides a principled way to compute the
smallest evaluation subset that preserves stereotype

scores with high probability. Second, by relying

on an exact finite-population model and an explicit
empirical confirmation step, it avoids the instability
of naive or asymptotic subsampling procedures and

remains robust even in settings where stereotype

rates are skewed or dataset composition materially

affects the evaluation outcome.

3.1 Practical Use and Generality

Exact computation of n* requires the full-dataset
score py, so the framework applies whenever the
score of a new evaluation can be anticipated from
that of an earlier one. This condition is met in
several common workflows. After one full run,
the reduced set can be reused to score additional
checkpoints, prompts, decoding settings, or inter-
ventions; a modified model can be sized using its
parent model’s score as an initial estimate; and new
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bias categories that are structurally matched to ex-
isting ones can inherit their sizing. When no prior
score is available, a pilot sample can be used to
estimate py and the required size updated accord-
ingly. In our own pipeline (Section 4.6), the same
relationship is applied in the reverse direction, us-
ing the subsample score to predict the full-dataset
score.

Although we frame this work around stereotype
evaluation, nothing in the derivation is specific to
stereotype scores. The only requirement is that
the metric be an instance-level binary mean over
a fixed denominator, so the method applies to any
evaluation of this form. To confirm this, we val-
idate the rule on a non-stereotype task, scoring
1,500 TweetEval stance instances with Qwen2.5-
0.5B-Instruct, where the Bernoulli variable is clas-
sification correctness rather than stereotype pref-
erence. Across 10,000 trials per tolerance, the
predicted sizes satisfy the uniform 95% criterion
ate € {5%,10%,15%,20%}, with the required
sample decreasing from roughly 1,000 instances
at ¢ = 5% to roughly 170 at ¢ = 20%. We do
not claim automatic transfer to benchmarks with
macro-averaged scores, tie-dependent denomina-
tors, or other scoring structures, since those estima-
tors would need to be modeled separately.

4 Empirical Verification of the Subsample
Size Decision Algorithm

The theoretical analysis above specifies, for each
dataset and tolerance level, a predicted minimum
subsample size n* that is expected to preserve
the full-dataset stereotype score with coverage at
least o. To assess whether this prediction is real-
ized in practice, we conduct repeated subsampling
experiments and estimate the empirical coverage

achieved by n*. Let pgb) denote the stereotype
score obtained from the b-th subsample of size n*,

and define the indicator

b
Ibil{\Pf—pg )|§5pf}7

which records whether the target tolerance crite-
rion is satisfied in that trial. Over B independent
subsampling trials, the empirical coverage is

A B
a=% 34 In-

If o denotes the true coverage probability induced
by the predicted subsample size, then 25:1 Iy ~
Binomial(B, y). For sufficiently large B, the

Central Limit Theorem yields
&re N<a . w ) ]

Under the target hypothesis Hy : oy = «, a one-
sided 95% lower confidence bound, the confirma-
tion threshold, is therefore

blow=a—1.645,/ 2=

We regard the predicted subsample size as empiri-
cally confirmed when & > by, meaning that the
observed subsampling performance is statistically
consistent with the target coverage level. Larger
values of B make this confirmation stricter by nar-
rowing the confidence bound. Based on this cri-
terion, we conduct computational experiments in
this section to empirically validate the proposed
subsample size prediction algorithm. Specifically,
we test whether the predicted minimum subsample
sizes preserve full-dataset stereotype scores at the
target coverage level across benchmark datasets
and model settings.

4.1 Experimental Design

To instantiate the empirical validation framework,
we use B = 100,000 subsampling trials through-
out and consider four relative error tolerances,
e € {0.05,0.10,0.15,0.20}. Predicted subsam-
ple sizes n* are computed at a coverage level of
0.95 throughout, and for empirical confirmation
we adopt a target level of 0.95 which corresponds
to the by, thresholds reported in each table. Our
experiments cover three stereotype benchmarks,
namely BBQ, StereoSet, and CrowS-Pairs. These
datasets differ in construction and scoring format,
allowing us to test the proposed subsample-size pre-
diction method across multiple benchmark styles
and bias measurement settings. We use the full
datasets for StereoSet and CrowS-Pairs, and a ran-
dom 6,591-instance subset of BBQ to keep compu-
tation feasible.

Seven models are included in the experi-
ments, namely claude-sonnet-4-6 (Claude-Sonnet),
gemini-2.5-flash (Gemini-Flash), gpt-4o0 (GPT-40),
gpt-5 (GPT-5), LLaMa-3.1-8B-Instruct (LLaMa-
8B), Ministral-3-14B-Instruct-2512 (Ministral-
14B), and Qwen?2.5-7B-Instruct (Qwen-7B). We
use HuggingFace checkpoints for the open-source
models and the official APIs for the closed-source
models. Because these models expose different in-
terfaces, we use three scoring schemes. For GPT-5,
Gemini-Flash, and Claude-Sonnet, which do not
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expose token-level probabilities, we use a forced-
choice setup in which each instance is presented as
a multiple-choice question and the selected option
determines the score. For LLaMa-8B, Ministral-
14B, and Qwen-7B, we use direct sentence log
probabilities and select the sentence with the higher
probability. For GPT-40, we use a top-logprob vari-
ant in which we aggregate the top 20 token-level
log probabilities for each sentence and select the
option with the higher resulting score.

Across benchmarks, ties are handled conserva-
tively. In StereoSet, tied log-probability scores are
treated as anti-stereotype. In CrowS-Pairs pseudo-
probability mode, ties form a separate bucket and
are excluded from the score. In BBQ, ties are bro-
ken by index order, although exact equality is prac-
tically negligible. We do not apply length normal-
ization, since paired options are already closely
matched in length: StereoSet pairs are identical by
construction, CrowS-Pairs differs only minimally
because of its minimal-pair design, and in BBQ the
answer options are short phrases conditioned on
much longer contexts, making small answer-length
differences negligible.

4.2 Results and analyses

Figure 1 provides an overall view of how the pro-
posed method behaves on BBQ, CrowS-Pairs, and
StereoSet at a tolerance of 10%, while results at
other tolerances and the detailed numerical values
are reported in Appendix B. Across all three bench-
marks, the histograms are centered close to zero
and the cumulative curves show that most subsam-
ples remain within the target error bands, indicating
that the predicted subsample sizes preserve the full-
dataset stereotype scores.

This visual pattern is reflected in the validation
results. Overall, 84 of 84 model x dataset x toler-
ance cells are confirmed, corresponding to a pass
rate of 100%. More broadly, the results are highly
stable across datasets and tolerances. All three
benchmarks are confirmed in every reported con-
figuration, including all 21 cells at the strictest
setting ¢ = 5%. At the model level, Claude-
Sonnet, Gemini-Flash, GPT-40, GPT-5, LLaMa-
8B, Ministral-14B, and Qwen-7B pass every con-
figuration.

The figures also suggest that the method is
broadly consistent across model families. For all
benchmarks, the cumulative distribution function
(CDF) and coverage curves are tightly aligned
across models, and the histograms remain narrow

and centered. These patterns suggest that the pro-
posed method is not tied to any one model family
or benchmark format.

The subsample-size predictions themselves fol-
low a clear and intuitive pattern. As the toler-
ance is relaxed, the required sample size decreases
substantially for all three benchmarks. Averaged
across models, BBQ requires 30.8% of the full
dataset at ¢ = 5%, dropping to 2.8% at ¢ = 20%.
StereoSet is the most subsampling-efficient, requir-
ing 13.5% at ¢ = 5% and approximately 1% at
e = 20%. CrowS-Pairs requires the largest pro-
portion at tighter tolerances, averaging 41.9% at
e = 5%, which is expected given its smaller total
size (N = 1506).

These results show that the proposed minimum
subsample size prediction method provides reli-
able guidance on how many evaluation instances
are needed to preserve benchmark-level stereotype
scores on three widely used stereotype datasets.
Rather than requiring the full benchmark by default,
the method can identify much smaller subsample
sizes that still maintain the resulting evaluation con-
clusions with high fidelity.

4.3 Synthetic Instance Construction

To extend the evaluation beyond the original bench-
marks, we construct synthetic stereotype evaluation
instances by first prompting a generator LLM to
produce stereotype triplets of the form (gs, gq,7),
where g; denotes a stereotyped social group, g,
denotes its anti-stereotyped counterpart, and r de-
notes the associated stereotype rationale. For ex-
ample, a generated triplet may take the form (old
people, young people, difficulties with technology).
These triplets are then instantiated into the input
formats required by each benchmark, so that the
resulting synthetic instances are directly compara-
ble to their real-data counterparts under the same
evaluation protocol. Appendix A compares the syn-
thetic and real instances and reports a small-scale
manual validation, confirming the quality of the
generated data points and their improvements over
the original benchmark instances.

4.4 Results and analyses

Figure 2 summarizes the stereotype evaluation re-
sults on synthetic data at a 10% tolerance, while
the remaining figures at other tolerances and de-
tailed numerical values are reported in Appendix C.
Across BBQ, CrowS-Pairs, and StereoSet, the de-
viation distributions are centered close to zero, and
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Figure 1: Subsampling behavior on StereoSet, CrowS-Pairs, and BBQ (left to right) at tolerance e=10%. Top:
empirical cumulative distribution of percent deviation from the full-dataset score. Middle: empirical coverage
versus subsample ratio. Bottom: kernel density estimation (KDE) of percent deviation from the full-dataset score.

the cumulative curves show that most subsamples
remain within the target error band, suggesting
that the predicted subsample sizes still preserve the
benchmark-level stereotype signal effectively.

Overall, 84 of 84 modelxdatasetxtolerance
cells are confirmed, corresponding to a pass rate
of 100%. BBQ, CrowS-Pairs, and StereoSet are
all confirmed in every reported configuration, and
no failures occur on any dataset. At the model
level, Claude-Sonnet, Gemini-Flash, GPT-40, GPT-
5, LLaMa-8B, Ministral-14B, and Qwen-7B pass
all configurations. Confirmation holds even in the
strictest settings, indicating that the synthetic-data
results are strong overall and that no residual mis-
matches remain.

The results also highlight clear differences in
required subsample ratios across synthetic bench-
marks. On synthetic BBQ, the coverage curves rise
more gradually and start from lower ratios than on
the other two datasets, indicating that larger sub-
samples are needed before the target coverage is
reached. This is reflected in the predicted sam-
ple sizes: BBQ requires 72.0% of the full synthetic
dataset on average at ¢ = 5%, dropping to 22.1% at
¢ = 20%. This pattern is largely driven by several

low synthetic py values, which make tight relative
tolerances especially demanding. By contrast, syn-
thetic CrowS-Pairs and StereoSet are considerably
more efficient, both requiring roughly one quar-
ter of the dataset at e = 5% and only about two
percent by £ = 20%.

Compared with the results on existing bench-
marks, the synthetic-data evaluation shows the
same broad behavior. In both settings, deviations
remain centered near zero, model-level trends are
generally stable, and the method achieves full vali-
dation rates with no failures. The main difference
lies in the required subsample ratios rather than in
validation outcomes. On existing benchmarks, the
largest ratios occur on CrowS-Pairs, whereas on
synthetic data they occur on BBQ. Even so, the
overall validation rate on synthetic data, 100%,
matches the 100% obtained on existing bench-
marks, indicating that the method transfers well
from benchmark reduction to synthetic benchmark
construction.

More broadly, the synthetic-data results rein-
force the earlier conclusions. The proposed sub-
sample size decision algorithm remains effective
when applied to generated stereotype benchmarks,
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Figure 2: Subsampling behavior on synthetic data generated in the formats of StereoSet, CrowS-Pairs, and BBQ
(left to right) at tolerance e=10%. Figure ordering is the same as in Figure 1.

and its qualitative behavior remains close to that ob-
served on existing benchmarks. At the same time,
the synthetic setting shares the same basic property
identified earlier: under the strictest tolerances, the
required subsample size grows substantially when
the full-dataset stereotype rate is low, since the
absolute tolerance epy becomes correspondingly
narrow. This effect remains limited in scope and
does not compromise confirmation at any tolerance
level.

4.5 Category-Specific Subsample Size
Prediction Results

We further extend the analysis from dataset-level
scores to specific bias subcategories. Table 1 re-
ports the category-level validation results for the
proposed subsample size prediction method on se-
lected benchmark subsets. For each dataset, four
configurations spanning different model, dataset
type, and bias category combinations are se-
lected at random, providing a representative cross-
section of the finer-grained evaluation setting. The
category-level results suggest that the proposed
subsample-size prediction behaves similarly under
finer-grained subset evaluation, showing that the
proposed method generalizes to category-specific

evaluations with the same reliability as the full-
dataset setting. All BBQ, CrowS-Pairs, and Stere-
oSet configurations clearly meet the 95% confir-
mation threshold across all tested categories and
tolerances. What changes at the category level is
not whether the predictions are confirmed but how
large the required subsets become: because each
category subset is far smaller than the full bench-
mark, the predicted sizes occupy a much larger
share of the available instances, averaging 88.0%
on BBQ, 77.4% on CrowS-Pairs, and 43.4% on
StereoSet at € 5%. The effect is most pro-
nounced when the category-level stereotype rate is
low, as in the synthetic BBQ race/ethnicity subset
(py = 1.3%), where the narrow absolute tolerance
requires essentially the entire subset regardless of €.
StereoSet remains the most subsampling-efficient
at this granularity, dropping to 6.3% of the subset
by e = 20%, while BBQ still requires 46.5%. How-
ever, with only 12 total configurations across the
three datasets, these comparisons are not conclu-
sive, and the observed differences across datasets
should be treated as indicative rather than definitive.
Overall, the category-level results reinforce rather
than contradict the full-dataset findings, suggest-
ing that the proposed method is broadly applicable
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BBQ

CrowS-Pairs

StereoSet

€ Claude-Sonnet (Synthetic)|  GPT-5  [Min.14B (Synthetic)| Qwen-7B |Gemini-Flash| GPT-5 (Synthetic) | LLaMa-8B | Qwen-7B (Synthetic)| Claude-Sonnet | GPT-4o (Synthetic) | LLaMa-8B (Synthetic)| Min.14B
Category: Race/Eth. Race/Eth. Gender Id. Gender Id. | Race/Col. Race Gender Gender Race Race Prof. Prof.
ps: 1.3% 22.8% 37.9% 48.4% 58.6% 61.8% 53.8% 60.5% 57.4% 85.8% 46.0% 55.2%
N: 224 597 24 599 514 228 262 233 2976 500 500 2398
n* (%) 221 (98.7%) 531(88.9%)| 205 (91.5%)  |437(73.0%)| 345 (67.1%) | 182/(79.8%) |217 (82.8%)| 186 (79.8%) 821 (27.6%) 168 (33.6%) 392 (78.4%) 820 (34.2%)
s AP 0.07 114 1.90 242 293 3.09 269 3.03 287 429 230 276
a 0.960 0.958 0953 0957 0.955 0.959 0.950 0.957 0.955 0.959 0.949 0.954
blow 0.949 0.949 0.949 0.949 0.949 0.949 0.949 0.949 0.949 0.949 0.949 0.949
n* (%) 221 (98.7%) 404 (67.7%)| 161 (71.9%)  |243 (40.6%)| 174 (33.9%) | 118 (51.8%) |142(54.2%)| 119 (51.1%) 255 (8.6%) 49 (9.8%) 234 (46.8%) 277 (11.6%)
Lo Ap 0.13 228 379 4.84 5.86 6.18 538 6.05 574 8.58 4.60 552
a 0.960 0.953 0954 0955 0.953 0.959 0954 0.956 0.954 0952 0.953 0.954
blow 0.949 0.949 0.949 0.949 0.949 0.949 0.949 0.949 0.949 0.949 0.949 0.949
n* (%) 221 (98.7%) 204 (49.2%)|  124(55.4%)  [133(222%)| 94(183%) | 72(31.6%) | 89 (34.0%) 75 (32.2%) 120 (4.0%) 26 (5.2%) 138 (27.6%) 130 (5.4%)
15 dop 0.20 342 5.69 7.26 8.78 9.28 8.07 9.08 8.61 12.87 6.90 8.28
a 0.960 0.960 0962 0952 0.951 0.960 0951 0955 0952 0.963 0.956 0.955
blow 0.949 0.949 0.949 0.949 0.949 0.949 0.949 0.949 0.949 0.949 0.949 0.949
n* (%) 221 (98.7%) 202(33.8%)| 88 (39.3%) 85(14.2%) | 57(11.1%) |  46(202%) | 62(23.7%) 47 (20.2%) 67 (2.3%) 10 (2.0%) 89 (17.8%) 76 (3.2%)
200 PP 027 456 759 9.68 11.71 12.37 10.76 12.10 11.49 17.16 9.20 11.03
a 0.960 0.951 0951 0954 0.955 0.960 0.959 0955 0.955 0.959 0.954 0.954
blow 0.949 0.949 0.949 0.949 0.949 0.949 0.949 0.949 0.949 0.949 0.949 0.949

Table 1: Minimum subsample prediction on bias category subsets. Each column corresponds to a specific bench-
mark/model/condition/category combination. Rows report, for each relative tolerance ¢, the required subsample
size n* (% of N), the allowed deviation in percentage points (App = € - p¢), the empirical coverage &, and the
confirmation lower bound by.,. The full-set stereotype score py and subset size /N are shown in the column header.

to finer-grained bias analyses, provided that the
reduced subset size is taken into account when in-
terpreting the resulting savings.

4.6 Subsample Size-Guided Data Synthesis

The preceding analysis motivates a practical exten-
sion from static benchmark reduction to dynamic
benchmark construction. Once a potentially biased
category has been identified, the earlier subsample-
size results can be used to guide how many syn-
thetic instances need to be generated in order to
obtain a stable benchmark-style bias estimate, with-
out incurring the cost of building a large static
dataset. In this way, the proposed framework uses
the subsample-size decision mechanism not only to
compress existing benchmarks, but also to inform
the creation of new evaluation sets for emerging
bias categories.

Concretely, we develop a dynamic synthetic eval-
uation framework that combines adaptive bias dis-
covery with benchmark-style measurement. The
framework proceeds in three stages. First, candi-
date demographic categories are screened through
a taxonomist—actor—critic process, in which a tax-
onomist LLM proposes categories, an actor LLM
converts them into probing prompts, and a critic
LLM determines whether the target model’s re-
sponse exhibits biased or stereotyped framing. Sec-
ond, only categories flagged as biased are expanded
into synthetic benchmark instances in a standard
evaluation format, such as CrowS-Pairs or Stere-
oSet. Third, the target model is evaluated on these
generated instances using the same scoring pro-
cedures applied to the original benchmarks. This

pipeline allows dynamically discovered bias cate-
gories to be converted into compact, benchmark-
formatted evaluation sets whose size is informed
by the proposed subsample-size analysis.

4.7 Synthetic Stereotype Evaluation
Proof-of-Concept Validation

We illustrate the framework with a single end-to-
end run in which Claude-Sonnet serves as the eval-
uator and Gemini-Flash serves as the target model
for evaluation. In this run, the generated instances
use the CrowS-Pairs format. During the category-
detection phase, 15 demographic categories are
examined. Of these, three are flagged as biased
while the remaining 12 are judged non-biased. The
biased groups are bisexual people, elderly women,
and refugees.

Only the three flagged categories proceed to
benchmark construction. For each category, the
evaluator generates 50 CrowS-Pairs instances,
yielding 150 synthetic benchmark items in total.
Each instance consists of a more-stereotyped sen-
tence and a less-stereotyped counterpart that differ
only in the demographic group referenced. The
target model is then evaluated by forced choice on
each pair, and the resulting CrowS score is com-
puted as the proportion of stereotyped choices, with
50 corresponding to a neutral baseline.

The resulting scores are all above the neutral
threshold, consistent with the critic’s earlier judg-
ments. Elderly women shows the clearest effect,
with a CrowS score of 86.0 (43 of 50 stereotyped
choices), followed by refugees at 60.0 (30 of 50)
and bisexual people at 54.0 (27 of 50). No ties oc-
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cur in any category. These results provide a proof
of concept that a relatively small synthetic bench-
mark, whose size is informed by the earlier subsam-
ple analysis, can recover a clear downstream bias
signal for categories surfaced during the dynamic
discovery stage.

As an additional demonstration, we run a small
baseline-style comparison in the StereoSet format.
We generate 40 synthetic instances for each of four
categories: two that the critic identifies as biased
and two that it identifies as non-biased. The bi-
ased categories score above the neutral stereotype
baseline (rural communities: 69.9; teenage moth-
ers: 57.5), whereas the non-biased categories score
below it (polyamorous individuals: 40.2; agender
people: 32.4), and the associated bias rates follow
the same ordering.

Both demonstrations are intended as proofs of
concept rather than as evaluation results in their
own right. With a single end-to-end run and four
categories in the comparison above, the evidence is
too limited to support claims about the reliability
of the critic or about the bias behavior of any par-
ticular model. What the runs do show is that the
pipeline is executable end to end: dynamically sur-
faced categories can be converted into benchmark-
formatted instances whose size is informed by the
subsample-size analysis, and those instances yield
stereotype scores that are ordered consistently with
the critic’s initial judgments. Constructing and val-
idating a full dynamic benchmark, which would
require systematic category coverage, human an-
notation of the generated instances, and validation
across target models, is a substantially larger un-
dertaking and is out of scope for this paper.

Taken together, these examples show how the
proposed subsample-size analysis can be opera-
tionalized in a dynamic setting. Rather than re-
quiring a large pre-existing benchmark, the frame-
work identifies potentially biased categories, gen-
erates a compact number of benchmark-formatted
instances, and applies standard stereotype scoring
to quantify the resulting bias signal, demonstrat-
ing the practical value of the method beyond static
benchmark reduction alone.

5 Conclusion and Future Work

This paper presented a minimum subset prediction
framework for estimating the minimum subsam-
ple size needed to preserve stereotype evaluation
outcomes under target error and confidence crite-

ria. Experiments on BBQ, CrowS-Pairs, and Stere-
oSet show that the proposed method can recover
benchmark-level stereotype signals with substan-
tially fewer instances while remaining robust across
models and evaluation settings. We also demon-
strated that the same idea can support dynamic
synthetic-data construction, providing a practical
bridge between static benchmark evaluation and
flexible bias discovery.

Future work should validate the framework
on a broader range of synthetic-data generation
pipelines and extend it to finer-grained bias analy-
ses, including subgroup and intersectional settings.

Limitations

This work has a important limitations that we do
not attempt to fully resolve here. Our synthetic-
data experiments are intended as a proof of concept
showing that the proposed approach can effectively
augment synthetic stereotype evaluation by provid-
ing principled guidance on how many instances to
generate. In other words, the contribution here is
not to exhaustively compare all possible synthesis
pipelines, but to show that subsample size predic-
tion can serve as a practical mechanism for making
synthetic evaluation more compact and statistically
grounded. A full-scale evaluation across differ-
ent generation frameworks, prompting strategies,
and evaluator designs would be costly and broad
enough to merit a dedicated study of its own.

Additionally, we focus on preserving aggregate
stereotype scores, rather than optimizing for ev-
ery possible downstream use of a benchmark. In
practice, some applications may require stronger
guarantees for subgroup-level estimates, intersec-
tional slices, or rare bias categories. These settings
are important, but they also introduce smaller ef-
fective sample sizes and more fragile statistical
behavior, which would require additional theory
and validation. This does not weaken our central
findings on benchmark-level stereotype evaluation,
but it does define a natural and important direction
for future work.

Ethics Statement

This paper studies stereotype evaluation, a topic
that necessarily involves harmful social content.
However, our goal is not to generate, amplify, or
disseminate stereotypes. Instead, we focus on im-
proving the efficiency and flexibility of methods
for detecting and mitigating stereotypical behavior
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in language models. In this sense, the contribution
of the paper is protective rather than generative:
we aim to make stereotype evaluation more statisti-
cally grounded and more practical to deploy.

The synthetic-data component should be under-
stood in the same way. The generated instances
are used only as controlled evaluation artifacts for
stereotype detection and mitigation, not as con-
tent to be shared, deployed, or reused outside the
experimental setting. We do not release these gen-
erated stereotype instances as a public resource,
and we do not present the framework as a means
of producing or spreading harmful content. Be-
cause the synthesis experiments are tightly scoped
to benchmark-style evaluation, we do not foresee
additional ethical risks beyond those already inher-
ent in standard bias-evaluation research.

We also used large language models to assist
with limited aspects of manuscript preparation,
specifically for light writing support and polishing.
The core scientific contributions of the paper, in-
cluding the problem formulation, methodology, the-
oretical development, experiments, analysis, and
conclusions, were developed by the authors rather
than delegated to language models.
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A Synthetic Data Validation

Table A1l: Linguistic quality comparison for BBQ (Real:
6,591 | Synthetic: 2,472).

Real  Synthetic

Sentence length (words)

Mean 43.65 42.99

Std Dev 22.67 16.62
Dependency tree depth

Mean 5.28 5.72

Std Dev 1.76 1.61
ColLA acceptability

Acceptable 98.8% 100.0%

Unacceptable 1.2% 0.0%
Vocabulary (JSD)

JSD distance 0.5491

JSD divergence 0.3015 bits

Vocab size 2,812 6,364

Union vocab 7,364

Table A3: Linguistic quality comparison for StereoSet
(Real: 6,392 | Synthetic: 2,000).

Real  Synthetic

Sentence length (words)

Mean 8.88 10.93

Std Dev 3.30 1.68
Dependency tree depth

Mean 3.10 3.83

Std Dev 1.15 1.09
ColLA acceptability

Acceptable 83.1% 96.2%

Unacceptable 16.9% 3.8%
Vocabulary (JSD)

JSD distance 0.6432

JSD divergence 0.4136 bits

Vocab size 7,539 3,934

Union vocab 9,361

We validate the synthetic stereotype benchmark-
ing instances by comparing them against the orig-
inal datasets used to generate these data points
along both surface-level and embedding-level di-
mensions. Tables A1-A3 summarize the lexical
and syntactic comparisons for BBQ, CrowS-Pairs,
and StereoSet, respectively. In addition to these
tabular statistics, we analyze sentence embedding
distributions using t-SNE projections over SBERT
and BGE-Large-en-v1.5 embeddings.

Overall, the synthetic instances are comparable
to the original data across all three benchmarks.
Sentence-length means are close for BBQ (43.65
for real data vs. 42.99 for synthetic data) and
reasonably similar for StereoSet (8.88 vs. 10.93),

Table A2: Linguistic quality comparison for CrowS-
Pairs (Real: 1,506 | Synthetic: 2,083).

Real  Synthetic

Sentence length (words)

Mean 14.71 11.03

Std Dev 6.08 2.26
Dependency tree depth

Mean 4.10 4.04

Std Dev 1.45 1.18
CoLA acceptability

Acceptable 94.4% 99.6%

Unacceptable 5.6% 0.4%
Vocabulary (JSD)

JSD distance 0.7764

JSD divergence 0.6028 bits

Vocab size 3,988 3,540

Union vocab 6,535

while CrowS-Pairs shows a larger difference (14.71
vs. 11.03). Across all datasets, the synthetic data ex-
hibits lower standard deviations in sentence length,
indicating more uniform generation. Dependency
tree depth is also highly similar between real and
synthetic instances, suggesting comparable syntac-
tic complexity.

The synthetic data achieves higher grammati-
cal acceptability than the original data on all three
benchmarks. This improvement is especially pro-
nounced for StereoSet, where CoLLA acceptability
rises from 83.1% on the original data to 96.2% on
the synthetic data. BBQ is already close to ceil-
ing on the original benchmark (98.8%), while the
synthetic data reaches 100%. These results suggest
that the generated instances are at least as gram-
matically well formed as the original benchmark
examples.

Vocabulary statistics show moderate divergence
between real and synthetic datasets. Jensen—
Shannon divergence is lowest for BBQ (0.3015
bits), intermediate for StereoSet (0.4136 bits), and
highest for CrowS-Pairs (0.6028 bits). The syn-
thetic data also tends to use a somewhat more
constrained and formal vocabulary, whereas the
original benchmarks more often contain casual or
conversational wording. At the same time, these
differences should be interpreted in light of dataset
size: for example, the original StereoSet contains
6,392 instances and 7,539 unique words, whereas
its synthetic counterpart contains 2,000 instances
and 3,934 unique words.

Additionally, the t-SNE projections (Figure A1)
show that the synthetic instances remain broadly
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Figure A1: t-SNE projections of sentence embeddings for instances across BBQ, CrowS-Pairs, and StereoSet (blue)
and their synthetic counterparts (orange). Top row uses SBERT embeddings; bottom row uses BGE-Large-en-v1.5
embeddings. Synthetic instances are broadly distributed across the embedding space rather than collapsing into
narrow clusters, indicating comparable semantic diversity to the original benchmarks.

distributed in embedding space rather than collaps-
ing into narrow semantic clusters. The synthetic
data therefore appears to preserve a comparable
degree of semantic spread to the original bench-
marks. Taken together, these analyses indicate that
the synthetic benchmark instances are linguistically
well formed, structurally comparable to the orig-
inal datasets, and semantically diverse enough to
support the downstream subsampling experiments
reported in the main text.

Finally, we conducted a manual quality au-
dit of the generated instances, reviewing 500
StereoSet instances, 500 BBQ instances, and
200 CrowS-Pairs instances. For each item we
checked whether it clearly expressed the intended
stereotype/anti-stereotype contrast. The proportion
judged clear was 89.8% for StereoSet (449/500),
94.8% for BBQ (474/500), and 88% for CrowS-
Pairs (176/200). The remainder consisted largely of
culturally specific or niche cases we could not con-
fidently adjudicate, rather than clearly malformed
items. These results support the use of the syn-
thetic instances as stereotype evaluation items, but
should be read as directional evidence, since a full
validation of instance validity is beyond the scope
of this paper.

B Multi-Tolerance Evaluation Results
with Subsampling on Existing
Benchmarks

This section provides the complete full-dataset re-
sults for the proposed minimum subsample size
prediction method on existing benchmark instances.
Figure 1 in the main text illustrates the subsampling
behavior at ¢ = 10%, while Figures B1-B3 extend
that analysis to the remaining tolerance settings. Ta-
ble B1 complements these figures by reporting the
full numerical results across all models, datasets,
and tolerances, including the predicted minimum
subsample size n*, the allowed deviation App, the
empirical coverage ¢, and the confirmation thresh-
old b]ow.

Across the full range of tolerances, the same
broad patterns remain stable. The deviation his-
tograms are centered close to zero, and the cu-
mulative curves show that the large majority of
subsamples remain within the target error bands.
CrowS-Pairs and StereoSet exhibit especially tight
alignment across models throughout, whereas BBQ
shows somewhat broader spread and greater model-
specific separation at every tolerance level, al-
though its distributions remain well centered over-
all. As the tolerance is relaxed from ¢ = 5% to
e = 20%, the coverage curves rise more steeply
and reach near-perfect coverage at lower subsam-
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ple ratios, directly reflecting the smaller predicted
subsample sizes under looser error criteria. The
histograms widen correspondingly as the accept-
able deviation band grows, but their mass remains
concentrated near zero throughout. Taken together,
the figures and Table B1 show that the behavior
highlighted in the main text at ¢ = 10% is not spe-
cific to that setting, but generalizes reliably across
the full range of tolerances considered.

C Multi-Tolerance Evaluation Results
with Subsampling on Synthetic Data

This section provides the complete multi-tolerance
distributional analysis for synthetic benchmark in-
stances. Figure 2 in the main text illustrates the
subsampling behavior at ¢ = 10%, and Figures C1-
C3 extend that analysis to the remaining tolerance
settings. Table C1 complements these figures by re-
porting the full numerical results across all models,
datasets, and tolerances, including the predicted
minimum subsample size n*, the allowed deviation
App, the empirical coverage &, and the confirma-
tion threshold by, .

Across the full range of tolerances, the same
broad behavior persists on synthetic data. Devia-
tion distributions remain centered near zero, and
the coverage curves show that the predicted sub-
sample sizes achieve the target coverage in all
configurations. CrowS-Pairs and StereoSet again
show tight alignment across models, while syn-
thetic BBQ exhibits more gradual coverage growth
and requires larger subsample ratios before the tar-
get coverage is reached. This pattern is especially
visible at stricter tolerances and is consistent with
the larger predicted sample sizes for synthetic BBQ
in Table C1. A likely reason is that several synthetic
BBQ settings have very low ps values, which make
tight relative tolerances more demanding and thus
push the required subsample size upward.

As the tolerance increases from ¢ = 5% to
e = 20%, the coverage curves rise more steeply
and reach high coverage at progressively smaller
subsample ratios across all three benchmarks. This
mirrors the same tolerance-driven efficiency gain
observed on existing benchmarks. At the loosest
settings, the required subset sizes can become very
small, which in turn produces a more discrete set
of achievable bias percentages. The multi-modal
shapes visible in some 15% and 20% histograms
are therefore best understood as a natural conse-
quence of low subset counts, rather than as evi-

dence of unstable evaluation behavior.

Taken together, these figures show that the trans-
fer from existing benchmarks to synthetic bench-
mark construction is not limited to a single toler-
ance setting. The same qualitative trends remain
visible across all four tolerance levels, providing
further support for the robustness of the proposed
minimum subsample size prediction method on
synthetic data.
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Figure B1: Subsampling behavior on StereoSet, CrowS-Pairs, and BBQ (left to right) at e = 5%. Top: empirical
cumulative distribution of percent deviation from the full-dataset score. Middle: empirical coverage versus
subsample ratio. Bottom: KDE of percent deviation from the full-dataset score.
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Figure B2: Subsampling behavior on StereoSet, CrowS-Pairs, and BBQ (left to right) at ¢ = 15%. Top: empirical
cumulative distribution of percent deviation from the full-dataset score. Middle: empirical coverage versus
subsample ratio. Bottom: KDE of percent deviation from the full-dataset score.
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Figure B3: Subsampling behavior on StereoSet, CrowS-Pairs, and BBQ (left to right) at ¢ = 20%. Top: empirical
cumulative distribution of percent deviation from the full-dataset score. Middle: empirical coverage versus
subsample ratio. Bottom: KDE of percent deviation from the full-dataset score.

Claude Sonnet Gemini Flash GPT-4o GPT5 LLaMa-8B Ministral-14B Qwen-7B
BBQ CrowS  StSet BBQ CrowS  StSet BBQ CrowS  StSet BBQ CrowS  StSet BBQ CrowS  StSet BBQ CrowS  StSet BBQ CrowS  StSet
pr 259%  59.0%  658% | 27.0%  657%  68.6% | 24.6%  S551%  657% | 252%  64.6%  635% | S502%  422%  534% 51.0%  61.7%  55.5% 50.1%  59.5%  52.5%
n* (%) |2628 (40%) 615 (41%) 703 (11%)|2526 (38%) 524 (35%) 615 (10%)|2725 (41%) 676 (45%) 706 (11%)|2663 (41%) 531 (36%) 762 (12%) | 1221 (19%) 882 (58%) 1095 (17%)|1200 (18%) 570 (38%) 1012 (16%)|1226 (19%) 612 (41%) 1125 (18%)
S0 App 130 295 329 135 328 343 123 276 329 126 323 318 251 211 267 255 3.08 278 250 297 262
“ a 0953 0951 0953 0951 0954 0949 0951 0952 0951 0951 0953 0951 0952 0956 0950 0953 0951 0950 0951 0951 0952
biows 0.949 0949 0.949 0949 0949 0949 0.949 0949 0.949 0949 0949 0949 0.949 0949 0.949 0.949 0949 0.949 0.949 0949 0.949
n* (%) | 930 (14%) 222 (15%) 185 (3%) | 871 (13%) 169 (11%) 163 (3%) | 978 (15%) 256 (17%) 184 (3%) | 957 (15%) 182 (12%) 208 (3%) | 352(5%) 381 (25%) 312(5%) | 348 (5%) 198(13%) 280 (4%) | 355(5%) 211 (14%) 317 (5%)
" 259 590 658 270 657 686 246 551 657 252 6.46 635 502 422 534 510 6.17 555 501 595 525
o
o 0952 0954 0950 0951 0952 0951 0951 0955 0951 0951 0953 0951 0952 0953 0951 0953 0951 0951 0950 0951 0951
biow 0949 0949 0.949 0949 0949 0949 0.949 0949 0.949 0949 0949 0949 0.949 0949 0.949 0949 0949 0949 0949 0949 0949
nt (%)| 440(1%) 111 (%) 82(1%) | 422(6%) 7T (%) T5(1%) | 477(1%)  125(8%) 84(1%) | 453 (1%) 85(6%) 92(1%) | 163(2%) 200(13%) 145(2%) | 152Q2%) 95(6%) 127 (2%) | 1622%) 104(7%) 141 (2%)
150 PP 389 8.85 9.88 406 9.85 10.30 370 8.27 9.86 378 9.69 953 753 634 801 7.64 925 833 7.51 8.92 787
& 0951 0955 0954 0954 0952 0955 0952 0952 0950 0951 0953 0951 0953 0955 0956 0952 0951 0954 0952 0951 0951
biow 0949 0949 0949 0949 0949 0949 0949 0949 0.949 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949
nt(%)| 255(4%) 61 (4%) 47(1%) | 244@%) 4T (%) 43(1%) | 278 4%)  T0(5%) 47(1%) | 262(4%) 48(3%) S3(1%) | 92(1%) 115(8%) 83(1%) | 90(1%) S56(4%) T4(1%) | 92(1%)  62(4%) 83 (1%)
200 AP 518 11.81 13.17 541 13.13 13.73 493 11.02 13.15 5.04 12.92 1271 10.03 845 10.68 10.19 1233 1111 10.01 11.90 10.50
o 0950 0954 0.956 0953 0959 0954 0953 0952 0955 0951 0955 0956 0954 0951 0954 0956 0950 0956 0954 0954 0954
biow 0.949 0949 0949 0.949 0949 0949 0.949 0949 0949 0.949 0949 0949 0.949 0.949 0.949 0.949 0.949 0.949 0.949 0.949 0.949

Table B1: Minimum subsample prediction on existing benchmark instances. Each cell block reports, for each
model x dataset x relative tolerance ¢, the required subsample size n* (% of full set IV), the allowed deviation from
the full-set score in percentage points (App = € - py), the empirical coverage ¢, and the confirmation lower bound
biow. A prediction is confirmed when & > by, . The full-set stereotype score py is shown under each dataset.

43482



1.0 : N —
—— claude-sonnet -
g —— gemini-flash ,(r’f'_F
'E 0.81 — gpt-40 /
© — gpt-5 J;J
L 0.6{ — llama-8b 4
L] —— mini 1
s mlnlst;zl 14b .;'
wen-
E 0.4 a I i
3
Eo2
3
o
0.0 !
-10 -5 0 5 10
% Deviation from Full Score
1.0
-
©o9
vi
0=08
o2 | — claude-sonnet
§ g_'0-7 P ~—— gemini-flash
¥ — gpt-4
8406l | gpete
, o — gpt-5
245 J'V — llama-8b
T | —— ministral-14b
0.4 qwen-7b
0.2 0.4 0.6 0.8 1.0
Subsample Ratio (n/N)
0.1501 —— claude-sonnet
gemini-flash
0.1251 — gpt-40
— gpt-5
E.U.IOU —— llama-8b
g 0.075] — ministral-14b
Q qwen-7b
2 0.050 / \
; \
0.025 // \
0.000{ ——— ! —

-10 0 5 10
% Deviation from Full Score

-0 -5 0 5 10
% Deviation from Full Score

101 — claude-sonnet - 101 — claude-sonnet el
g —— gemini-flash ‘f g —— gemini-flash
"3 0.81 — gpt-40 i’ ﬁ 0.81 — gpt-40 j
I — gpt-5 ) [ — gpt-5
L 0.61 — llama-8b ,f{r W 0.61 — llama-8b
g —— ministral-14b f 9 —— ministral-14b
=] qwen-7b f b= qwen-7b
E 0.4 I E 0.4
3 3
Eo2 Eo2
3 3
1% o
0.0 — 0.0 !
-10 -5 0 5 10 -15 -10 -5 0 5 10
% Deviation from Full Score % Deviation from Full Score
1.0 = 1.0 .
R @ 7
w 00 v 0.8 7
9="g o=
22" — claude-sonnet 2206 claude-sonnet
; g_' 0.7 ~—— gemini-flash a g_' gemini-flash
- — opt-d0 2104 gpt-do
O — gpt-5 Oun gpt-5
a —— llama-8b 202 llama-8b
& o5 —— ministral-14b by ministral-14b
qwen-7b 0.0 qwen-7b
0.2 0.4 0.6 0.8 1.0 0.2 0.4 0.6 0.8 1.0
Subsample Ratio (n/N) Subsample Ratio (n/N)
0.150{ — claude-sonnet 0.1751 claude-sonn‘et
gemini-flash 1 0.150{ — gemini-flash
0.1251 — gpt-d0 ) ’ — gpt-4o
— gpt-5 0.125] — gpt-
5.0.100 gp! o gpt-5
= —— llama-8b £'0.100] — Mama-8b
@ () g75{ — ministral-14b @ ’ —— ministral-14b
) qwen-7b @ 0.075 qwen-7b
8 6.050 i/ Q
. \ 0.050 A
0.025 0.025 \\
0.000] —— — 0.000 e

-0 -5 0 5 10
% Deviation from Full Score

Figure C1: Subsampling behavior on synthetic data generated in the formats of StereoSet, CrowS-Pairs, and BBQ
(left to right) at ¢ = 5%. Top: empirical cumulative distribution of percent deviation from the full-dataset score.
Middle: empirical coverage versus subsample ratio. Bottom: KDE of percent deviation from the full-dataset score.
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Figure C2: Subsampling behavior on synthetic data generated in the formats of StereoSet, CrowS-Pairs, and BBQ
(left to right) at e = 15%. Top: empirical cumulative distribution of percent deviation from the full-dataset score.
Middle: empirical coverage versus subsample ratio. Bottom: KDE of percent deviation from the full-dataset score.
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Figure C3: Subsampling behavior on synthetic data generated in the formats of StereoSet, CrowS-Pairs, and BBQ
(left to right) at e = 20%. Top: empirical cumulative distribution of percent deviation from the full-dataset score.
Middle: empirical coverage versus subsample ratio. Bottom: KDE of percent deviation from the full-dataset score.

Claude Sonnet Gemini Flash GPT-4o GPT-5 LLaMa-8B Ministral-14B Qwen-7B
€ | BBQ CrowS  StSet BBQ CrowS  StSet BBQ CrowS  StSet BBQ CrowS  StSet BBQ CrowS  StSet BBQ CrowS  StSet BBQ CrowS  StSet
pr 6.0% 753%  83.7% 7.9% 758%  80.8% 6.9% 76.5%  80.9% 6.5% 774%  19.9% 39.0%  55.1%  53.2% 413%  649%  565% | 348%  607%  538%
n* (%) |2228 (90%) 402 (19%) 254 (13%)|2163 (88%) 386 (18%) 301 (15%)|2176 (88%) 370 (18%) 303 (15%)|2209 (89%) 352 (17%) 316 (16%)| 1209 (49%) 787 (38%) 796 (40%) | 1144 (46%) 587 (28%) 731 (37%)|1329 (54%) 666 (32%) 789 (39%)
sq O 030 377 418 0.40 379 4.04 035 382 4.04 033 387 4.00 195 275 266 207 3.25 283 174 3.03 2.69
Y a 0955 0954 0955 0958 0953 0954 0951 0950 0954 0954 0950 0954 0953 0955 0952 0952 0954 0951 0954 0.951 0951
blow 0.949 0949 0.949 0.949 0949 0.949 0.949 0949 0.949 0.949 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949
n* (%) [ 1750 (71%) 115 (5%) 69 (3%) |1583 (64%) 108 (5%) 85 (4%) |1670 (68%) 106 (5%) 81 (4%) |1703 (69%) 99 (5%) 82 (4%) | 478 (19%) 266 (13%) 287 (14%)| 441 (18%) 178 (8%) 251 (13%)| 551 (22%) 216 (10%) 272 (14%)
1o, Ao 0.60 753 837 079 758 8.08 0.69 7.65 8.09 065 774 799 3.90 551 533 413 649 5.66 348 6.07 538
“a 0.960 0954 0955 0956 0950 0953 0957 0954 0958 0958 0952 0953 0953 0951 0953 0953 0.951 0952 0953 0953 0949
biow 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949
n* (%) [ 1284 (52%)  51(2%)  32(2%) [1097 (44%) 51(2%) 39 (2%) 1170 @47%) 49 (2%) 39 (2%) |1189 @8%) 44(2%) 41 (2%) | 232(9%) 128 (6%) 134 (7%) | 213(9%) 85(4%) 120 (6%) | 270 (11%) 102 (5%) 131 (7%)
15, Ap 0.90 1130 1255 119 1137 12.11 104 11.47 12,13 098 11.62 11.99 585 826 799 620 9.74 8.48 522 9.10 8.08
Pa 0958 0952 0949 0956 0955 0963 0954 0961 0.963 0949 0958 0954 0954 0957 0952 0951 0952 0955 0951 0.951 0955
biow 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949
0t (%)] 927 (38%) 28 (1%)  13(1%) | 768 31%) 28(1%) 20 (1%) | 844 (34%) 24(1%) 20(1%) | 858 (35%) 24(1%) 20(1%) | 137(6%) 70(3%) 77(@4%) | 124(5%) 48(2%) 68 (3%) | 161(7%) 55(3%) 76 (4%)
200 APp 121 15.07 16.73 159 15.16 16.15 138 15.30 16.18 130 15.49 15.99 7.80 11.02 10.65 8.26 12.98 1131 697 12.13 10.77
Ca 0956 0956 0954 0956 0957 0961 0956 0951 0961 0952 0956 0957 0953 0949 0954 0952 0955 0956 0951 0950 0955
blows 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949 0949

Table Cl: Minimum subsample prediction on

synthetic instances.

Each cell block reports, for each

model x dataset xrelative tolerance ¢, the required subsample size n* (% of full set IV), the allowed deviation
from the full-set score in percentage points (App = ¢ - py), the empirical coverage &, and the confirmation lower
bound bjey. A prediction is confirmed when & > by, The full-set stereotype score py is shown under each dataset.
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